Aim The extent of the study area (geographical background, GB) can strongly affect the 24 results of species distribution models (SDMs), but as yet we lack objective and 25 practicable criteria for delimiting the appropriate GB. We propose an approach to this 26 problem using trend surface analysis (TSA) and provide an assessment of the effects of 27 varying the GB extent on the performance of SDMs for four species. 28
INTRODUCTION

The data 142
The study area was mainland Spain, an environmentally heterogeneous territory with a 143 complex geological history (Font, 2000; Hevia, 2004) . For modelling purposes we used 144 the Universal Transverse Mercator (UTM) 10 km × 10 km squares as territorial units (n 145 = 4684 squares in the study area). We modelled the distribution of four well-known 146 native species (see Fig. 1 ): red deer (Cervus elaphus), roe deer (Capreolus capreolus), 147
Iberian wild goat (Capra pyrenaica), and Pyrenean chamois (Rupicapra pyrenaica). 148
The red deer is a common species (n = 1530 presences), and is widely distributed 149 throughout the study area. The roe deer is also a common species (n = 1782 presences) 150 in the northern half of Spain. The Iberian wild goat is mainly distributed in the eastern 151 mountain ranges (n = 621 presences). Finally, the Pyrenean chamois has a very limiteddata for these species were extracted from Palomo et al. (2007) , and information on the 154
Iberian wild goat was updated using data from Acevedo & Cassinello (2009 
Delimiting GB 158
A third-degree TSA was fitted, as this is recommended for exploring processes that 159 occur at the same or a higher spatial scale than the study area (Legendre & Legendre, 160 1998; p. 742) . The saturated functions of TSA, i.e., without the selection of predictors, 161 were used to obtain comparable models for the different species. For each species, 162 seven GBs of different extent were delimited using the TSA predicted values. The first 163 extent was delimited by the lowest TSA value assigned to a presence (GB LOW ); the 164 reasoning behind this GB is that it seems logical to select a GB that includes all the 165 presence records currently known for the species. Next, the GB was restricted by 166 selecting as thresholds the TSA values which correspond to excluding 1% (GB −1 ), 5% 167 (GB −5 ) and 10% (GB −10 ) of the presences with the lowest TSA values. Similarly, the 168 extent was enlarged including 1% (GB +1 ), 5% (GB +5 ) and 10% (GB +10 ) of the absences 169 that had the highest TSA values lower than the values for any presence. Finally, the 170 total study area (mainland Spain) was also included as an additional extent (GB MS ). In 171 summary, eight GBs of different extents were considered for each species and these 172 GBs were each used to assess the effects of the GB extent on the performance of the 173 models. 174
175
Species distribution models 176
Logistic regressions were performed for each species and criterion (n = 32 models) with 177 modulate species distribution was not the aim of this study, we have not described the 182 variables further; details can be found in Barbosa et al. (2003) . 183 184 Logistic models were forward-backward stepwise fitted using a 0.05 significance 185 threshold for the inclusion of the variables and 0.10 for their exclusion. Models were 186 trained on each extent (eight different GBs) and projected onto mainland Spain for each 187 species. To compare the results of each model obtained from species with different 188 prevalences, the favourability function was applied to convert logistic probabilities (P) 189
into favourability values (F) that are independent of sample prevalence (for further 190 details about this function see Real et al., 2006). 191 192
Training and evaluation data sets 193
For each species and GB, a distribution model was trained using a 70% random sample 194 of the data. The predictive performance of the models was assessed on three evaluation 195 data sets: (1) on independent data and within the GB considered in the training process, 196
i.e., on the remaining 30% of the data (evaluation in the training area); (2) only on the 197 independent data that are included within GB −10 (evaluation in the core area -198 independent data); and (3) in order to avoid problems because of a small sample size in 199 the previous evaluation data set, models were also evaluated using all the localities 200 included in GB −10 for each species (evaluation in the core area -full data). Different 201 evaluation data sets were selected to analyse the effects of GB extent in different 202 contexts of the distribution of a species (core area in relation to the complete traininghand, calibration improved when models were built using smaller GBs. In other words, 278 if absences from beyond the geographical domain of the species are included, then the 279 models will not effectively reflect the probability of presence. In summary, increasing 280 GB produces apparently better (in terms of discrimination) but barely informative 281 models (see also Lobo et al., 2010) . 282 283 Our results indicate that larger favourable areas in mainland Spain were predicted when 284 using smaller GBs (see Fig. 3 and Appendix S1). Although there is no objective way to 285 assess the accuracy of the estimations of environmental potential, these were consistent 286 with expert opinions for the studied species. Anderson & Raza (2010) found a similar 287 pattern and explained that using a large GB in SDM could make the models prone to 288 overfit the environmental conditions present in the region occupied by the species. This 289 may happen because the algorithm recognizes spurious environmental differences 290 between the inhabited localities and localities that could be inhabited but are not, which 291 may be due, for example, to barriers preventing species dispersion or other historical 292 events restricting the species current distribution. By delimiting the GB using 293 geographical criteria, we may be excluding -or at least minimizing -the effect of 294 historical events on model parameterization. Thus, we may be able to obtain 295 environmental models which, when projected onto a new scenario, may help to depict 296 the potential distribution of the species more reliably. The extrapolation of models is 297 risky and requires caution and careful consideration (Jiménez-Valverde et al., 2011b) . 298
For instance, it is necessary to highlight the areas that have environmental values that 299 are beyond those shown in the training region, because the predictions there are more 300 uncertain (Elith et al., 2010; Jiménez-Valverde et al., 2011c) . It is also advisable to 301 check for maintenance of the correlation structure among the independent variables inmodelling technique. approach would be to use information related to the dispersal capacity and history of the 313 species, but the data required are rarely available. More feasible procedures such as the 314 use of biogeographical regions overlook the species-specificity of the GB and may not 315 be entirely satisfactory. In this study, we propose a simple but practical and species-316 specific way to delimit GB using purely geographical criteria. TSA is a simple method 317 that accounts for broad-scale spatial structures and shows the main geographical trends 318 in the data (see Legendre & Legendre, 1998) . Thus, we argue that TSA is a useful 319 method for use in delimiting the area in order to maximize the likelihood that the target 320 species is currently interacting with the environment. At the same time, it minimizes the 321 probability of including regions that are suitable for the species but that are 322 uninformative for an ecological model due to their spatial remoteness from the current 323 geographical range (see Lobo et al., 2010) . The TSA should be considered a working 324 procedure intended to minimize the role played by the factors that operate beyond the 325 area inhabited by the species. Strictly speaking, the spatial pattern generated with the 326 included the complete study area (mainland Spain) as a training data set. 'GB LOW ' 513 indicates the model in which the training area was delimited by the lowest trend surface 514 analysis (TSA) value assigned to a presence (see text for details). 'GB +10 ' indicated the 515 model that included 10% of the absences that, having TSA values lower than any 516 presence, had the highest TSA values. Finally, 'GB −10 ' is similar to 'GB LOW ' but excludes 517 Appendix S2 Statistical parameters of the mixed models carried out to assess the effect of the extent of the geographical background (GB) on the performance (calibration and discrimination) of the species distribution models for four species in mainland Spain: red deer (Cervus elaphus), roe deer (Capreolus capreolus), Iberian wild goat (Capra pyrenaica) and Pyrenean chamois (Rupicapra pyrenaica). Species was included as a random factor. The predictive performance of the models was evaluated on different data sets (see text for details). 
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